In a spectrum sharing system, lower-priority users are allowed to spatially reuse the spectrum allocated to higher-priority users as long as they do not disrupt communications of the latter. Therefore, to improve spectrum utilization, an important requirement for the former users is to manage the interference and ensure that the latter users can maintain reliable communications. In the present paper, a game theoretic framework of joint channel selection and power allocation for spectrum sharing in distributed cognitive radio networks is proposed. First, a utility function that captures the cooperative behavior to manage the interference and the satisfaction level to improve the throughput of the lower-priority users is defined. Next, based on the defined utility function, the proposed framework can be formulated as a potential game; thus, it is guaranteed to converge to a Nash equilibrium when the best response dynamic is performed. Simulation results show the convergence of the proposed potential game and reveal that performance improvements in terms of network throughput of the lower-priority users and outage probability of the higher-priority users can be achieved by the introduction of an adaptive coefficient adjustment scheme in the proposed utility function at the expense of the convergence to the Nash equilibrium.
Introduction
In view of limits on the available frequency spectrum and the inefficiency in spectrum usage, there is a need for a new communication paradigm to exploit the existing wireless spectrum opportunistically [1] . A new paradigm that can be used to enhance the utilization of limited spectrum resources in wireless networks is spectrum sharing. Cognitive radio has the potential to enable the spectrum sharing by providing wireless devices with the capability to sense the surrounding environment and intelligently adjust their transmission parameters in order to increase the efficiency of spectrum utilization [2] , [3] .
Spectrum sharing in cognitive radio networks is generally modeled by considering the coexistence of a higherpriority system and a lower-priority system in the network. The former system can be characterized by a higher-priority user (HU) in a given frequency band, while the latter system is cognitive radio that is able to sense the available spectrum, detect the presence of the HUs, and evaluate the interference that is generated to the HU's receivers [4] . The main challenge in cognitive radio networks is how to construct the spectrum sharing schemes in which the lower-priority users (LUs) are allowed to spatially reuse the spectrum as long as they do not cause harmful interference to the HUs. Harmful interference refers to a situation where the interference is large enough to cause significant disruption in service or quality. Therefore, the HUs can operate effectively as long as the received signal-to-interference and noise power ratio (SINR) exceeds an established threshold or the interference is less than the maximum allowable level. Recently, game theory has been used to analyze the behavior of the cognitive radio network since such a network can be modeled as an interaction among individual rational nodes through radio environment. Game-theoretic approaches have been extensively used for distributed power control [5] - [7] , interference avoidance [8] , access control [9] , [10] , and distributed resource management in wireless networks [11] , [12] . Nie et al. studied adaptive channel selection and power allocation in cognitive radio networks [12] . However, the higher-priority system was not taken into consideration, and therefore, it was not explicitly protected from interference due to spectrum access of the lowerpriority system. In addition, Bloem et al. proposed a Stackelberg game approach for power control and channel allocation in cognitive radio networks [7] . In their work, it was assumed that there was only one HU in the network and that the HU charged players a virtual price to use its licensed frequency band.
In this paper, joint channel selection and power allocation for spectrum sharing in distributed cognitive radio networks are formulated as a potential game by extending the work in [12] . We first propose a utility function that captures the cooperative behavior to manage the interference and the satisfaction level to improve the throughput by increasing the transmit power of LUs [13] . A potential function that reflects the change in the utility function of a deviating player is formulated. Thus, when the players change their action sequentially by following the best response dynamics, convergence to a Nash equilibrium is achieved in the proposed potential game. The best response dynamics represents the best action of a player in response to the other players' action. Second, we investigate the performance trade-off between the higher-priority system and the lower-priority system for specific values of certain parameters. We then propose an adaptive adjustment of the coefficient in the defined utility function for the purpose of adaptively controlling the interference based on the quality Copyright c 2010 The Institute of Electronics, Information and Communication Engineers of service (QoS) constraints specified by the HUs.
The remainder of this paper is organized as follows. In Sect. 2, a system model for spectrum sharing is described. A game-theoretic framework for spectrum sharing is presented in Sect. 3 along with potential game formulation. Section 4 describes proposed spectrum sharing schemes based on the potential game approach. In Sect. 5, we investigate the convergence properties of the proposed potential game and analyze the performance of both the higher-priority system and the lower-priority system. Finally, we present the conclusion in Sect. 6.
System Model for Spectrum Sharing
We consider a cognitive radio network that consists of N stationary transmitter-receiver pairs of LUs and M transmitterreceiver pairs of HUs, uniformly distributed in a square area. One channel c H h from the set of channels C is allocated to the HU transmitter h ∈ M = {1, . . . , M}. For ease of analysis of the interference protection for the HUs in each spectrum band, we assume that there is only one HU operates on each frequency channel. An LU transmitter i ∈ N = {1, . . . , N} distributively selects a channel c i from the set of channels C and a transmit power level p i from the set of transmit powers P to communicate with the intended receiver without causing harmful interference to the HUs. The combination of the selected channel and transmit power at the LU transmitter i is denoted by the composite action a i = (c i , p i ).
Let p H h denote the transmit power of HU transmitter h, so that the received signal-to-interference power and noise ratio (SINR) at the HU receiver h can be expressed as
where G HH hh is the link gain between the HU transmitter h and HU receiver h, G HL hi is the link gain between the LU transmitter i and HU receiver h, and n 0 denotes the noise power at each receiver.
We consider simultaneous transmission among users in both the higher-priority system and the lower-priority system where the HU keeps the orthogonality each other by transmitting on different frequency channels, while the LUs spatially reuse the channel that is allocated to the HU. Thus, the SINR measured at the LU receiver i can be expressed as
where p i denotes the transmit power of the LU transmitter i, G i j is the link gain between the LU transmitter j and LU receiver i, G LH ih is the link gain between the HU transmitter h and LU receiver i, c H h denotes the channel that is allocated to the HU pair h, and δ c i c j is the interference function that indicates whether or not channel c i and channel c j are the same: Based on the received SINR at each LU receiver i, the average network throughput summed over all transmitterreceiver pairs of LUs can be estimated as
We refer the network throughput per unit bandwidth as the spectral efficiency, and it is assumed that the total available bandwidth is equally divided into C available channels. Figure 1 shows an example of the spectrum sharing scenario in the cognitive radio network.
Game-Theoretic Framework of Joint Channel Selection and Power Allocation for Spectrum Sharing

Game-Theoretic Framework
We formulate the joint channel selection and power allocation problem as a normal form game. A normal form game consists of a set of players, a strategy or action space for each player, and a set of utilities. It can be mathematically defined as Γ = N, {A i } i∈N , {u i } i∈N , where N is the finite set of players and A i is the set of strategies or actions associated with player i. The strategy or action space of all players is A = i∈N A i and the set of utility functions that associate players with their actions can be defined as u i : A → R, which indicates the mapping to a real value from each combination of the strategies of all players. In other word, the utility function of player i can be represented as the degree of satisfaction of player i as a function of the action it chooses, a i , and the action of the other players,
As a fundamental concept of a normal form game, the Nash equilibrium helps to predict the outcome of the game. The Nash equilibrium can be defined as a point where no player can improve its utility by choosing another action, assuming that the other players' actions remain unchanged [14] . Let a i denote the best strategy of player i in response to the strategy of the other players. Then, a set of pure strategy profiles of all players, a = (a i , a −i ) ∈ A, is a Nash equilibrium if and only if
Joint Channel Selection and Power Allocation for Spectrum Sharing
We consider the set of LU pairs as players and the combination of channel and power as the set of actions. The objective of the game is to select a combination of channel and power for each LU pair in a distributed manner so as to maximize its utility function while ensuring that the QoS constraints (i.e., achieving the target SINR) of HUs are satisfied. Moreover, the set of HU pairs is not considered as players in our game. This is a reasonable assumption since, in practical situation, the HUs have exclusive rights to use the spectrum, but can allow the LUs to reuse the spectrum to improve the spectrum efficiency.
Potential Game
A certain class of games called potential games has been shown to always converge to a Nash equilibrium when only one player changes its action in each time step, following the best response dynamics [15] . The best response dynamics is a dynamic process of updating actions. In this process, a player chooses an action that maximizes its utility, given the current action of the other players [16] . The best response dynamics of player i to the action profile a −i at time k + 1, a
where (a k i , a k −i ) ∈ A denotes the action profile at time k. A normal form game is called a potential game [15] if there exists a potential function P : A → R that satisfies
where a i ∈ A i . The left-hand side of the above equation represents the change in the global objective function, called the potential function, while the right-hand side represents the change only in the utility of the deviating player i. The existence of a potential function that reflects the change in the utility function resulting from a unilateral deviation by the player is a characteristic of the potential game. Thus, when the player chooses the best action given the current action of the other players, the improvement in the utility of the player will lead to improvement in the value of potential function.
Proposed Schemes
Proposed Utility and Potential Functions
In [12] , the authors proposed a utility function for cognitive radios by taking into account the interference power:
The first and second terms in u1 represent the interference power generated by transmitter i and the total interference power perceived by receiver i, respectively. The potential function of the above utility function is formulated as
where the weight factor 1/2 is set so as to take into account the symmetric property of the interference power generated and the interference perceived by player i [12] .
We propose a utility function [13] that takes into account the interference power generated by the LU transmitter i to the HU receiver h, the interference power received at the LU receiver i from the HU transmitter h, and the satisfaction level of each LU to improve its throughput, in addition to the utility function u1 proposed in [12] . The latter utility function is given as
The first three terms capture the cooperative behavior to manage the interference created by the LU transmitters, the fourth term captures the total received interference power at an LU receiver from the HU transmitters, and the last term provides an incentive for each LU to improve its throughput by increasing the transmit power. In addition, the parameter α represents the importance of reducing the interference generated to the HU receiver by the LU transmitter, while β represents the incentive to improve the throughput selfishly by each LU pair. Given the proposed utility function u2, we formulate the potential function as [13] P2(a i , a −i )
Because of the asymmetric property of the interference power generated by the LU transmitter i to the HU receiver h and the interference power received at LU receiver i from the HU transmitter h, the weight factor 1/2 is not applied to the third and fourth terms in the proposed P2. The proof to show that the proposed P2 is a potential function of N, {A i } i∈N , {u2 i } i∈N is given in Appendix.
In addition, the proposed potential game requires that each LU transmitter has knowledge of the link gain between each transmitter-receiver pair of LUs and HUs and the transmit power of each LU transmitter and each HU transmitter, which can be obtained by exchanging control messages in the network, probing packets, and channel measurement.
Proposed Utility and Potential Functions with Adaptive Coefficient Adjustment for Spectrum Sharing
In the proposed scheme above, the parameter α is assumed to be fixed during the game, regardless of the action of each player. Intuitively, an increase in α represents an increase in the importance of reducing the interference generated to the HU receivers by the LU transmitters. Thus, as α increases, each LU transmitter tends to decrease its transmit power so as to maximize the utility function. As a result, it may degrade the throughput performance of the LUs. To adaptively control the interference based on the interference limit at each HU receiver, we propose a utility function with adaptive coefficient adjustment:
where the main difference between the proposed utility functions u3 and u2 is in the third term. In this scheme, the coefficient α i,c i ,p i is updated when player i updates its action at time k based on the following condition:
, C is the number of available channels, N is the number of all LU pairs, and I limit c i denotes the interference limit of the HU receiver that operates on channel c i . Δ is a non-negative step size, which is used to reduce the coefficient α i,c i ,p i and adjust the value of the third term in u3. If the interference generated by the LU transmitter i to the HU receiver h is below the defined interference limit per user, C · I limit c i /N, the coefficient α i,c i ,p i will be decreased by the value of Δ. By reducing α i,c i ,p i and adjusting the value of the third term in u3, the LU transmitter i can maximize its utility by increasing the transmit power p i due to less dominant of the third term in u3. Since the coefficient α i,c i ,p i decreases once condition (13) is satisfied, we further consider α min i,c i ,p i ≥ 0 to prevent α i,c i ,p i from becoming negative during the action update since it might discourage the LU transmitter from taking actions to avoid generating harmful interference to the HU receivers.
The motivation for the proposed adaptive coefficient adjustment in u3 is to specify the weight in α i,c i ,p i based on the interference limit of the HU receiver that operates on each channel. During iteration time, the coefficient α i,c i ,p i is updated when the interference generated by the LU transmitter i with a known transmit power p i to the HU receiver h that operates on channel c i is lower or equal to the interference limit per user for that channel. Assuming that the players are equally distributed in all available channels, the interference limit per user for each channel, C · I limit c i /N, is considered to be an approximation of the maximum allowable interference that can be generated by each LU transmitter to the HU receiver in each channel.
In this scheme, we assume that each LU transmitter has knowledge of the number of all LU pairs and the interference limit at each HU receiver. Such information can be obtained from the exchange of control messages between the LUs and HUs in the network. However, the introduction of adaptive coefficient adjustment may increase the implementation complexity of u3 since additional information is required to evaluate u3, i.e., the target SINR at each HU receiver and the link gain between each transmitter-receiver pair of HU.
The potential function of u3 can be formulated as
Since the coefficient of α i,c i ,p i depends solely on the action of player i, P3 can be shown to be a potential function.
Simulation Results and Performance Comparisons
In this section, we evaluate the performance of our proposed schemes by assuming specific values for certain parameters. We assume N = 30 stationary transmitter-receiver pairs of LUs that are randomly distributed over a 400 m × 400 m square area and the distance between the transmitter and receiver pair of LUs is less than 30 m. With respect to strategy space, there are four channels with equal bandwidth and the set of transmit power levels is defined as P = {1, 2.5, 5, 10, 15} mW. Each LU transmitter selects the channel randomly and transmit power at 1 mW as the initial [12] × u2 u3 assignment. Unless otherwise specified, we assume M = 4 stationary transmitter-receiver pairs of HUs where each pair of HUs operates on each frequency channel with transmission power at 25 mW; the maximum distance between the transmitter and receiver pair of HUs is 30 m. The simulation is carried out for 5000 different topologies.
To illustrate the QoS constraints of the higher-priority system, we assume that each HU receiver has a minimum required SINR, denoted as γ target h . Thus, the interference limit of the HU receiver that operates on channel c i , denoted as I limit c i , can be estimated by each LU transmitter i in u3. Unless otherwise specified, γ target h is set to 15 dB. We consider the free space path loss propagation model with path loss exponent of 2. Each LU and each HU are equipped with an omnidirectional antenna with identical propagation characteristics and the noise power n 0 at each receiver is set to 10 −13 W. For the sake of simplicity, the effect of fast fading and shadowing are not considered in the simulation. Furthermore, we consider the simultaneous transmission of all transmitter-receiver pairs of LUs over a shared spectrum and each transmitter is assumed to transmit packets at all times.
Convergence Properties of Joint Channel Selection
and Power Allocation Schemes Figure 2 shows the evolution of the network throughput of each scheme during the iteration time when the players update their action sequentially. In the random allocation scheme, channel and power are allocated randomly to each LU transmitter during the initial transmission and they remain unchanged during the iteration time. Therefore, the network throughput of the random allocation scheme remains unchanged during the iteration time. For u1, we con- sider channel selection with a fixed transmit power, which is one of the schemes proposed in [12] . The action that can be selected by the LU pair in each scheme is summarized in Table 1 . In each scheme, HU pairs are not considered as players, and therefore they do neither change the channel nor the transmission power. For both proposed u2 and u3, β is set to 0.1. Unless otherwise specified, Δ is set to 5 and α are set to 1 and 25, respectively, in u3. Since Δ is the step size in the adaptive coefficient adjustment scheme, it affects the convergence speed of u3 as shown in Fig. 3 . The lower the value of Δ, the slower the convergence to a Nash equilibrium. We also see from Fig. 3 that different values of Δ do not converge to the same Nash equilibrium. It is because the combination of strategies of all LU pairs at the Nash equilibrium point may be different under different value of Δ in u3. From Fig. 2 , we see that the best response in the case of u2 and u3 converges to a Nash equilibrium, which is represented by the steady-state condition of the network throughput of LUs. It also shows that the introduction of the adaptive coefficient adjustment in u3 leads to slower convergence to a Nash equilibrium. Figures 4 and 5 show that the best response in the case of u3 leads to the updating of the channel and power of all players. During the iteration time, the LU pair may switch from one channel to another, which is shown by the transition of vertical lines in Fig. 4. Moreover, Fig. 5 shows the power selection of some LU pairs during the iteration time. By distributed sequential play and following the best response dynamics, each LU pair tries to maximize its utility by choosing the best action (channel and power) in response to the action of the other LU pairs. After some iteration steps, all LU pairs reach the convergence point, from which no LU pair would deviate anymore from its action.
Effect of Parameters on the Performance of the Proposed Scheme
Since the performance of u2 depends on the parameters α and β, it is necessary to determine their appropriate values to satisfy a certain transmission probability of the HUs. As we see in Fig. 6 , the transmission probability of HUs increases with α. One of the reason is that the third term of u2 dominates the other terms in the case where α increases while β remains fixed. Thus, each LU pair tries to maximize u2 by selecting a low-interference channel and decreasing the transmit power. As the aggregate interference at HU receivers is reduced, the transmission probability of HUs can be increased. The relationship between the total network throughput of LUs and α for specific values of β is shown in Fig. 7 . As α increases, the total network throughput of LUs decreases due to reduced incentive to increase the transmit power for each LU. In particular, the higher the value of β, the more is the number of LU pairs that are encouraged to improve the throughput selfishly by increasing their transmit power at the expense of lower transmission probability of HUs, as shown in Fig. 6 . This condition is considered as a performance trade-off between the higher-priority system and the lower-priority system.
Performance Comparisons
The cumulative distribution function (CDF) of the received SINR at HUs and the total network throughput of LUs averaged over 5000 different topologies with random distances and a fixed distance between HUs in a pair are shown in Figs. [8] [9] [10] . Note that the target SINR at each HU receiver is set to 15 dB, and thus, the interference limit at each HU receiver may vary in the case of random distances. Figures 8-10 show the performance trade-off between the probability of the received SINR at HUs that exceeds the target SINR (transmission probability) and the total network throughput of LUs in u2 with α = 1 and α = 5, which is also confirmed in Figs. 6 and 7.
The improvements in the performance of u3 with adaptive coefficient adjustment are shown in Figs. 8-10 . We see from Figs. 8 and 9 that u3 achieves better interference management of the lower priority system in the coexistence of the higher priority system by adaptively controlling the interference from the LU transmitter to the HU receiver based on the target SINR at each HU receiver, while maintaining the network throughput of LUs does not degrade as much as that in u2(α = 5) as shown in Fig. 10 . However, in the fixed distance scenario, there is a significant degradation of the network throughput of LUs in u3 due to more stringent interference limit at each HU receiver.
From Figs. 8 and 9 , we see that u2 cannot satisfy the QoS requirement of HUs at the given target SINR 15 dB when α is set to either 1 or 5 under β = 0.1. Therefore, in order to guarantee the QoS requirement of HUs, we have to set α ≥ 10 under β = 0.05 in u2 as shown in Fig. 6 . However, as the trade-off performance between the higherpriority system and the lower-priority system, the degradation of network throughput of LUs should be relaxed for the sake of guaranteeing the QoS requirement of HUs in u2. Meanwhile, u3 with adaptive coefficient adjustment guarantees the QoS requirement of HUs by maintaining the received SINR higher than the target SINR at HU receivers. Figure 11 shows the network throughput of LUs for the case where the number of HU pairs is less than the number of available channels (M < C). We see from Fig. 11 that reducing the number of HU pairs leads to the improvement of the network throughput of LUs in u2 and u3. In the case where M = 1, there is no significant difference in the network throughput of LUs between u2 and u3. The reason is that most LU pairs prefer to choose the channels that are not used by the HU pair to avoid the interference from the HU transmitter to the LU receiver. As a result, the effect of the proposed schemes is limited due to less influence from the third and fourth terms in u2 and u3. Figure 12 shows the outage probability of HU receivers under different target SINRs; the outage probability is defined as the probability of the received SINR at HU receivers being lower than the target SINR. From Fig. 12 , we see that at the target SINR above 10 dB, the outage probability of both u1 [12] and u2 increases as the target SINR increases.
With the advantage of the feedback information from HUs, u3 with adaptive coefficient adjustment achieves lower outage probability compared to that of the other schemes.
Conclusion
In this paper, we have proposed the potential game approach of joint channel selection and power allocation for spectrum sharing in distributive cognitive radio networks. In the proposed spectrum sharing schemes, the lower-priority users spatially reuse the spectrum and manage interference by defining a utility function, which can be formulated as a potential game. We demonstrate that the proposed potential game is guaranteed to converge to a Nash equilibrium when the players change their action sequentially, following the best response dynamics. The simulation results show that the proposed utility function with adaptive coefficient adjustment can achieve better performance improvements in terms of the network throughput of the lower-priority users and the outage probability of the higher-priority users compared to a utility function without coefficient adjustment, at the expense of slower convergence to a Nash equilibrium and an increase in the control overhead.
We would like to emphasize that the purpose of this paper is to present the interference management framework for spectrum sharing in cognitive radio networks using the potential game approach. Further research is required to investigate its applicability to more realistic models and to develop an efficient technique to reduce the information exchange in the network.
Then P2 (2) Consequently,
